Introduction
Research on the co-movement among financial asset returns has tended to focus more on tail dependence rather than linear correlation, as the former can capture the dependence structure in a period with extreme events (boom or crash). The dependence structure has been studied using many financial time series data, such as international share market indices, exchange rates, and bond yields; other non-financial data, such as oil and gold prices, have also been proven to be highly related to the tail dependence of financial markets. Furthermore, research on tail dependence has shown that for most financial asset returns, there is more dependence during a crash than during boom periods (see, for example, (Ang and Chen 2002) ). Potential asymmetric characteristics exist in the tail dependence structure. For instance, as shown first by Patton (2006) , some exchange rate returns exhibit asymmetric tail dependence. These results relating to tail dependence aroused our interest in the asymmetry in tail dependence.
In financial asset returns, tail dependence may change over time. As shown by Patton (2006) , the tail dependence of DM (Deutsche mark)-USD (US dollar) and YEN (Japanese yen)-USD potentially changes over time, especially before and after the introduction of the Euro. Similarly, the exchange rate returns reflect not only the financial market, but the consideration and behavior of the three central banks (such as motivating exports), especially before and after the introduction of the Euro. In this study, we considered time-varying copula models to further capture the change of tail dependence over time.
Little attention has been paid to the dependence structure among the share prices of city banks in China. Share price returns are based on the prediction of not only macroeconomic variables, but also profitability and risks, which are highly dependent on banking industry policies, bank strategies, local investment opportunities and risks, inter-bank lending, and inter-bank bond markets. The risks can be passed from one bank to another, as indicated by tail dependence. The other banks, which include the big four state-owned commercial banks, have large branches all over the country; these banks tend to have a more stable dependence structure and similar share price movements than city banks. Each city bank only has branches in the major cities and its own city where business first started. The dependence structure of city banks changes more obviously than that of the major banks. Beijing Bank, Ningbo Bank, and Nanjing Bank were the earliest listed city banks in the Chinese share market and have the largest data sample.
To investigate the underlying changes in dependence structure among the three city banks, we considered separating the sample and comparing the dependence strength in two distinct periods, as well as introducing time-varying copula models. The first step was to decide the proper separation of timing. In the past decade, the Chinese share market (Main Board) has experienced two large declines, one in the 2008 global financial crisis, and the other in the second half of 2015. The shares of the three banks saw a large decline of more than 75% after being listed in the summer of 2007. All share prices reached close to the initial public offering (IPO) prices in the subsequent eight years. However, the prices shrank again to half in only two months during the domestic stock market crash. We separated the total sample at the start of the domestic stock market crash in June 2015.
This study makes two contributions. First, unlike most previous studies, we used copula models on the city banks' share price returns. Many scholars have used copula functions to capture the dependence structure and extend the models to asymmetric and time-varying ones, mostly on aggregate variables. Dependence structures have been widely discussed in terms of exchange rates (Patton 2006) , carbon dioxide commission prices in international energy markets (Marimoutou and Soury 2015) , oil prices and stock market indices (Sukcharoen et al. 2014) , precious metal prices (Reboredo and Ugolini 2015) , and international stock markets (Luo et al. 2011) . Most of the studies using copula models were based on aggregate variables. Our study sheds new light on the dependence structures among minor city banks based on various types of copula models. The second contribution is that we examined the changes in dependence structure of the daily share price returns between the Beijing Bank, Ningbo Bank, and Nanjing Bank. Furthermore, the total sample was separated into two parts: (1) From 19 September 2007 to 4 June 2015, which covered the global financial crisis, and (2) from 12 June 2015 to 21 May 2018, which covered the domestic share market crash. Constant copula models were used on the total sample and two distinct periods to compare the change in overall correlation and tail dependence. Moreover, time-varying copula models were used to verify the changes in dependence structure, mainly in tail dependence.
We present our conclusions in four parts. First, the share price returns of the Ningbo Bank and Nanjing Bank had a higher dependency than the group of Ningbo Bank and Beijing Bank and the group of Nanjing Bank and Ningbo Bank. Second, a major decrease of dependence was found among the three city banks. However, the dependency of Ningbo Bank on Nanjing Bank seemed to be more consistent from 2008 to 2015 than the other two groups. Third, and most importantly, the joint increase of the share prices of Ningbo Bank and Nanjing Bank happened more frequently than the joint decrease, which will shed new light on the research about financial assets price co-movement. Fourth, to better demonstrate the potential changes over time, the coefficients and figures of innovation were given in the rotated Gumbel and Student's t copula model (both in generalized autoregressive score [GAS] ). The outcome of using the time-varying model suggested similar results in the constant copula models. Tail dependence rose rapidly in the beginning of period 1 and dropped in period 2.
The structure of the remaining paper is as follows: In Section 2, we introduce the basic methodology applied in this study, including the marginal distribution models, the fundamental copula theory, and several copula functions. In Section 3, we first introduce the data sample and the descriptive statistics, followed by the empirical results in constant and time-varying copula models. We discuss the dependence structure between Beijing Bank, Ningbo Bank, and Nanjing Bank in the total sample and in two distinct periods. In Section 4, we summarize our conclusions.
Empirical Methodology
This section begins with a discussion about the specific models for estimating the marginal distribution, including the flexible skewed t and empirical distribution function (EDF). We then discuss the copula theory and some constant and time-varying copula models.
Models for Marginal Distributions
To model the dependence structure among the three city banks, we first had to model the conditional marginal distributions. Before modeling the marginal distributions, we documented the log-difference of the share prices of the three city banks as daily returns. We modeled the time series data with possible time-dependent conditional mean and variance. Orders of the ARMA model and standard GARCH (1,1) model developed by Bollerslev (1987) were selected according to the Bayesian Information Criterion (BIC). The mean and variance models can be written in the forms given below. We denoted a given variable of daily returns as Y t and the returns shocks as ε t . The standardized residual, η t had a constant conditional distribution, where the mean was zero and variance was one.
µ i represents the estimated mean part of series i.
(1)
It is a well-known fact that most financial time series data have fat tails and do not follow normal distribution (Fama 1965 ). To better capture the possible fat tails feature, a Student's t distribution is recommended (Bollerslev 1987) . We assumed that the term η t followed a Student's t distribution rather than a normal distribution. After estimating the marginal mean and variance models, we needed to model the distribution of estimated standardized residuals. We denoted the distribution function as F i . Following Patton (2013), we considered parametric and non-parametric models in modeling the distribution of the standardized residuals in each financial data series. In the non-parametric model, we estimated F i in EDF:
In the parametric model, we followed the simple and flexible skewed t distribution developed by Hansen (1994) . There are two parameters in this model: the first one is the skewness parameter, λ ∈ (−1, 1), and the second is the degrees of freedom parameter, ν ∈ (2, ∞); the two parameters control the degree of asymmetry and the fat tail feature. This model has many features. The distribution is a skewed normal distribution when ν −→ ∞ , a standardized Student's t distribution when λ = 0, and a N(0, 1) when λ = 0, ν −→ ∞ . In empirical study, the condition ν −→ ∞ occurs when ν is larger than some level. After estimating the parametric model using the simple and flexible skewed t distribution, we carried out the goodness of fit (GoF) test on this result.
Constant Copula Models
We first describe the copula theory before analyzing the dependence structure. A key concept was presented by Sklar (1959) , who indicated that joint distribution (F) in n dimensions could be decomposed into the corresponding n univariate marginal distributions (F i ) and copula function ( C : [0, 1] n −→ [0, 1] ) with n dimensions. Based on this foundation, another copula interpretation, the probability integral transformation (i.e., U i ≡ F i (X i )) indicated by Casella and Berger (1990) , has become popular in copula theory. After the transformation, variable U i has a uniform f(0, 1) distribution that is unrelated to the original distribution F i when F i is continuous. After a vector of probability integral transformation U ≡ [U 1 , U 2 , · · · , U n ] is obtained, C becomes a joint distribution function with uniform f(0, 1) distribution. Various copula models have been used to capture the dependence structure between time series data. However, the normal copula model cannot capture the tail dependence because the tail dependence is assumed to be zero. Other forms of copula such as the Gumbel and Clayton functions, can obtain tail dependence coefficients. Although the Gumbel (Clayton) copula can only obtain a non-zero (zero) upper tail dependence coefficient and a zero (non-zero) lower tail dependence coefficient, it can be further developed to the rotated-Gumbel (rotated-Clayton) to obtain the reverse tail dependence coefficient. We started with the selection of (constant) copula functions based on the rank of log-likelihood values. Normal, rotated-Gumbel, Student's t, and SJC copula functions were selected, and all were used in a bivariate case. We assumed that u 1 and u 2 were in the uniform distribution [0, 1] . Each copula model is briefly introduced below:
The normal copula function can be written as Equation (4), where θ is a linear correlation parameter and φ is a univariate standard normal distribution:
The Student's t copula function can be defined as Equation (5), with v representing the degrees of freedom and t −1 v (·) being the inverse of a standard Student's t distribution:
The Gumbel copula (Gumbel 1960) , concentrates on the upper tail dependence with zero lower tail dependence. It can be written in Equation (6) with parameter γ. In fact, there is abundant evidence indicating that financial asset returns tend to have joint negative extremes (dramatic falls) more often than joint positive extremes (sharp increases) (Patton 2006) . Therefore, the rotated Gumbel function might be more practical than the Gumbel copula, where parameter γ is often calculated by denoting a new series as u 1 = 1 − u 1 and u 2 = 1 − u 2 , and the lower tail dependence will be 2 − 2 1/γ .
We considered the modified Clayton copula developed by Joe (1997) , rather than the Clayton copula. We refer to the transformed copula as the Joe-Clayton copula (Patton 2006) . The Joe-Clayton copula can be written in Equation (7), with τ U ∈ (0, 1) and τ L ∈ (0, 1) representing the upper and lower tail dependence, respectively. The parameters are κ = 1/log 2 (2 − τ U ) and γ = −1/log 2 (τ L ).
As indicated by Patton (2006) , asymmetry may still exist when the upper and lower tail dependence strengths are equal in the Joe-Clayton copula. Owing to this major problem, we followed the modification proposed by Patton (2006) , which is denoted as the SJC copula:
Time-Varying Copula Models
For analyzing the time-varying dependence strength, we considered using the rotated Gumbel and Student's t copula models with the generalized autoregressive score (GAS) model introduced by Creal et al. (2013) . In this model, a parameter δ t is denoted as the time-varying copula parameter. The score of the likelihood in the copula is written as I −1/2 t s t . Specifically, in the rotated Gumbel copula model, the parameter δ t = h −1 ( f t ) can be defined as δ t = 1 + exp ( f t ) because the parameter should be larger than one. In the Student's t copula model, the parameter can be defined as
to obtain the dependence parameter between −1 and 1.
where, f t+1 = ω + β f t + αI
Data and Empirical Results

Summary Statistics and Marginal Distributions
Our data contained the share price returns (based on adjusted prices) of three city banks in China: Beijing Bank, Ningbo Bank, and Nanjing Bank. The share prices and returns of these three city banks are shown in Figures 1 and 2 . We chose these banks not only because they are among the top five city banks in China, but also because they have stronger market liquidity in the Main Board share market, compared to that of other city banks. The share price data collected from IPOs in 2007 provided abundant data samples that covered the global financial crisis in 2008, as well as the China share market crash in late 2015. We observed large declines in share prices and high variances in returns during the global financial crisis in 2008 and the domestic stock market crash in 2015. To explore the dependence structure among these three banks, we formed three combinations: Beijing Bank and Ningbo Bank were Group 1, Beijing Bank and Nanjing Bank were Group 2, and Ningbo Bank and Nanjing Bank were Group 3.
We computed the return rates of interest using the log-difference method with the n.a. values and outliers deleted. We reported all relevant analyses in the total sample, first period sample, and second period sample. 
Data and Empirical Results
Summary Statistics and Marginal Distributions
We computed the return rates of interest using the log-difference method with the n.a. values and outliers deleted. We reported all relevant analyses in the total sample, first period sample, and second period sample Observations of the total sample, first period, and second period were 2469, 1797, and 672, respectively. The table displays the basic summary statistics of the total sample, first period sample, and second period sample. As usual, financial asset returns show skewness around zero and kurtosis larger than three, indicating a non-normal distribution. The Jarque-Bera test statistics are reported, all of which stayed significant at 1%, indicating a non-normal distribution. Observations of the total sample, first period, and second period were 2469, 1797, and 672, respectively. The table displays the basic summary statistics of the total sample, first period sample, and second period sample. As usual, financial asset returns show skewness around zero and kurtosis larger than three, indicating a non-normal distribution. The Jarque-Bera test statistics are reported, all of which stayed significant at 1%, indicating a non-normal distribution. 
Constant Copula Results
We used four copula models in the constant parameter case. The normal copula model, although unable to detect the tail dependence, can obtain the correlation coefficient to compare the strength of correlation in each period. The rotated Gumbel copula model, providing a higher likelihood than the normal copula, can obtain information about the lower tail dependence. Owing to this feature, we selected the rotated Gumbel copula model to capture the dependence structure changes in the joint decreases of share prices. The Student's t copula model has the highest likelihood value and can capture tail dependence, although the lower and upper dependences are set to be equal. The SJC copula model combines the merits of the Student's t copula and rotated Gumbel copula because it can detect potentially different dependence in both tails. In parametric distribution, the SJC copula has the least standard errors among all models.
There were several findings among the three groups based on results in Tables 3-5 . First, Group 3 (Ningbo Bank and Nanjing Bank) and Group 1 (Beijing Bank and Ningbo Bank) showed the highest and lowest dependence coefficients among the three groups. This rank of dependency suggested that Beijing Bank was less dependent on the other two banks than Nanjing Bank, which was dependent on the other two banks, and that Ningbo Bank was more dependent on Nanjing Bank than on Beijing Bank. Second, Group 1 and Group 2 (Beijing Bank and Ningbo Bank) similarly showed much higher dependence in period 1 than period 2. For instance, in the rotated Student's t copula model, the dependence coefficient (g T (ρ,ν)) in Groups 1 and 2 dropped 66% and 42% from period 1 to period 2, respectively. However, the dependence coefficient in Group 3 dropped only 21%. Third, the lower tail dependence was evidently higher than the upper tail dependence in the SJC copula model for Groups 1 and 2, but not for Group 3. It has been documented that the Beijing Bank share price tends to fall more frequently than rising together with the Ningbo Bank and Nanjing Bank. The probability of share prices going up was slightly higher than that of falling down together for the Ningbo Bank and Nanjing Bank group. In all groups, the Student's t copula model had the highest value of log-likelihood, followed by the SJC copula model and the rotated Gumbel copula model. 
Time-Varying Copula Results
The difference in dependence strengths between period 1 and period 2 suggested that there may be changes in tail dependence. To illustrate possible time-varying tail dependence, we constructed the rotated Gumbel copula (in GAS) and the Student's t copula (in GAS) in a time-dependent model. The estimated parameters of the three groups are reported in Tables 6-8, respectively. The six innovation graphs of tail dependence provide visually understandable results (Figures 3-8) . The innovation in the semi-parametric models are reported. In the group of Beijing Bank and Ningbo Bank, lower tail dependence indicated by the rotated Gumbel copula (GAS) model reached the highest level of 0.75 in less than six months. Until the end of period 1, the lower tail dependence maintained a level at around 0.69, which was the tail dependence captured by the constant rotated Gumbel copula model. In period 2, the lower tail dependence fluctuated at around the level of 0.46, which was much lower than the one in period 1. In the case of the Student's t copula (GAS) model, the innovation was similar to the one in the rotated Gumbel copula (GAS) model. The tail dependence in period 2 was less than half of the one in period 1.
In the group consisting of Beijing Bank and Nanjing Bank, the lower tail dependence indicated by the rotated Gumbel copula (GAS) model appeared rather random after the global financial crisis, but stayed around the 0.72 level, followed by a decrease in period 2. In the Student's t copula model, we obtained the tail dependence in period 1 in the range of around 0.59. In period 2, the dependence strength decreased to 0.34.
In the group of Ningbo Bank and Nanjing Bank, lower tail dependence indicated by the rotated Gumbel copula (GAS) model appeared rather stable after the global financial crisis and stayed around the 0.71 level, followed by a slight decrease in period 2. In the Student's t copula model, we obtained a tail dependence in period 1 that ranged around 0.56. In period 2, the dependence strength decreased to 0.45.
Goodness-of-Fit Tests
The Kolomogorov-Smirnov (KS) and Cramer-von Mises (CvM) methods are frequently used in goodness-of-fit tests in copula models. In Tables 9 and 10 , we present the p-value results in the goodness-of-fit test for each constant copula model in the parametric and semi-parametric cases. The normal copula, rotated Gumbel copula, and the student's t copula passed the tests in the parametric case; in the semi-parametric case, the normal copula and rotated Gumbel copula models did not pass the tests in the majority of the groups and periods, and the student's t copula model was rejected in one test at the 5% level and in five tests at the 10% level. The SJC copula model passed the KS and CvM tests in all periods and groups, in both the parametric and semi-parametric cases. In the KS and CvM tests for time-varying copula models, the process requires the Rosenblatt transform. The two time-varying copula models passed the goodness-of-fit test in all cases (Tables 11 and 12 ). Table 9 . Goodness-of-fit test in the constant copula (parametric case). 
Total
Conclusions
In this study on the share price returns of three city banks, we investigated the potential dependence structure. We used copula models rather than the usual linear correlation to capture the detailed tail dependence. We used various copula models to estimate the underlying dependence in extreme periods. The Student's t, SJC, and rotated Gumbel copula models could specify the tail dependence with higher log-likelihood values better than the other copula models. Furthermore, by extending the Student's t and rotated Gumbel copula models to the GAS and time-varying models, we could obtain more information about the innovation of changes in tail dependence.
Unlike most of the literature using copula models, we focused on the tail dependence of the share price returns of city banks rather than aggregate variables, such as share markets indices and exchange rates. The tail dependence may be dependent on profitability, own risks, inter-bank business, and outside influence. Although city banks fall in the same sector in share markets, they may have diverse returns due to different strategies or business behaviors. During and after a stock market crash, the city banks may have diverse reactions, which supports our assumption that there may be a different level of dependence between two banks during two periods.
We found diverse dependence structures among the three groups of city banks. First, the tail dependence was higher between the share price returns of Ningbo Bank and Nanjing Bank, than that of the other two combinations. Beijing Bank was less dependent on the other two city banks, and Nanjing Bank was dependent on the other two. Ningbo Bank was more dependent on Nanjing Bank, than on Beijing Bank. Second, we observed a major break in the three dependence structures. Beijing Bank became much less dependent on the other two banks during the 2015 domestic share market crash, than during the 2008 financial crisis. However, the dependency of Nanjing Bank on Ningbo Bank did not change as much as that of the other two combinations from 2008 to 2015. Third, the share prices of Ningbo Bank and Nanjing Bank had a slightly higher possibility of increasing than decreasing together. This was different from recent studies on financial asset price co-movement, which often suggest that financial assets tend to have more dependence in price crashes than in booms.
The share price returns of Ningbo Bank were found to be more similar to that of Nanjing Bank, compared to that of Beijing Bank. This observation of the share price extreme returns of three city banks reconfirmed our research results in the copula models. Risk-avoiding behavior is a possible cause of the decrease in tail dependence. It is recommended that for city commercial banks, strategies such as obtaining superior assets and involving less risky inter-bank business be adopted, and that for the central bank, reasonable capital liquidity and supervision should be ensured to create a healthier inter-bank market. Nowadays, the majority of local Chinese companies are experiencing low profit margins. The central and local governments should help boost the domestic economy, under both fiscal and monetary policies, and avoid the crisis from happening in the real economy, which may transmit to banking systems.
